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1. Introduction
How to improve irrigation efficiency is a major challenge for both food production and water resource man-
agement in arid and semi-arid regions. Foundations to design efficient and effective irrigation lies in the 
understanding of plant water stress (PWS), that is, when and to what extent plant experiences stress related 
to water (Jones, 1990; Philip, 1966; Porporato et al., 2001). However, there is no universally adopted defini-
tion of PWS. Though various definitions of PWS based on soil moisture, evapotranspiration (ET), canopy 
temperature, stomatal conductance, and plant water potential exist, there is a lack of study on quantifying 
the mechanistic linkage among different definitions and how they perform in terms of guiding irrigation. 
The lack of the above knowledge hampers both water resource research and development of tools for irri-
gation management.
To better quantify PWS, we should explicitly consider the soil-plant-atmosphere-continuum (SPAC) that 
connects water supply from soil, water demand from atmosphere, and plant self-regulation (Passioura, 1982; 
Philip, 1966). Currently, PWS has been primarily defined using either environmental factors or plant-cen-
tric metrics (Figure 1; Zhang et al., 2021). Among the environment-based definitions, soil moisture is the 
Abstract Understanding plant water stress (PWS) in the soil-plant-atmosphere-continuum (SPAC) 
that connects water supply from soil, water demand from atmosphere, and plant self-regulation is a 
prerequisite for efficient irrigation in response to water scarcity. Currently, PWS can be defined in various 
ways, for example, based on environmental factors and/or plant-centric metrics. The environment-based 
metrics usually do not take plants into consideration. Regarding the existing plant-centric metrics, their 
interconnections and abilities to capture the physical water constraints from both soil water supply and 
atmospheric water demand are still unclear. This research investigates the theoretical foundations behind 
different PWS metrics, and assesses their efficacy and potentials for irrigation scheduling. This study first 
investigated the interconnections among different PWS metrics and the co-regulation of soil moisture 
and vapor pressure deficit (VPD) on the plant-centric metrics through an advanced process-based model, 
ecosys. We then use ecosys to test different PWS metrics’ performance in guiding irrigation in terms of 
water use, maize yield, and economic profits. The case study was conducted at sites across a dramatic 
rainfall gradient in Nebraska, the largest irrigation state in the United States Corn Belt. The ecosys 
simulation indicates that canopy water potential and stomatal conductance (gs) are the most effective 
plant-centric metrics in the SPAC system in indicating PWS. In addition, our findings show that using the 
plant-centric metrics-based irrigation schemes, which capture the co-regulation of soil moisture and VPD, 
can improve producers’ economic profits through water savings.
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most widely used metric as it characterizes the supply side of plant water use (Liu et al., 2020; Porporato 
et al., 2001); but vapor pressure deficit (VPD) plays an equal or sometimes more important role in regu-
lating plant water use due to its control on stomatal conductance (Kimm, Guan, Gentine, et al., 2020; Lin 
et al., 2018; Lobell et al., 2014; López et al., 2021; Novick et al., 2016; Zhou et al., 2020). For the plant-centric 
ways to define PWS, several metrics have been suggested and used (Figure 1), including canopy tempera-
ture (Idso et al., 1981; Jackson et al., 1981), stomatal conductance (Ball et al., 1987; Leinonen et al., 2006; 
Medlyn et al., 2011), plant water potential (Herve, 2014), and ET (Anderson et al., 2007, 2016, 2018). Some 
literatures have investigated the linkage between several PWS metrics and physical water constraints from 
both soil water supply (i.e., soil moisture) and atmospheric water demand (i.e., VPD); they are based on 
field measurements (Grossiord et al., 2020; Jackson et al., 1981; López et al., 2021; Miner & Bauerle, 2017) 
and/or process-based modeling (Anderson et al., 2007; Yang et al., 2019), while this analysis only covers one 
or two PWS metrics with different crop types or under different climate conditions. However, it is largely 
unclear on quantifying the mechanistic linkage among different plant-centric metrics, and what common 
and unique information they carry for capturing the physical water constraints of plants in the same SPAC 
system.
The direct implication of different PWS metrics is how they can be used for efficient irrigation, that is, irri-
gation timing and amount. Irrigation timing is usually indicated by the thresholds of different PWS metrics, 
while irrigation amount is determined by soil water balance. Currently, most irrigation schemes are soil 
moisture based, which only considers the stress from water supply while neglecting the stress from water 
demand (Gibson et al., 2017; Saseendran et al., 2008). The plant-centric metrics-based irrigation schemes 
can consider water stress arising from both water supply and demand aspects, such as the widely used crop 
water stress index (CWSI; DeJonge et al., 2015; Kullberg et al., 2017; Nandan et al., 2021) and plant water 




Figure 1. Six ways to measure/define PWS in SPAC (Zhang et al., 2021). (a) CWSI based on canopy temperature (Tc). Ta denotes air temperature. More details 
could be referred to Section 2 (Equation 2). (b) Stomatal conductance (gs) considering stomatal response to water stress. (c) Transpiration stress index (TSI) 
and evaporative stress index (ESI) based on transpiration (Tr) or ET. Tr_ww and ETww denote the transpiration and ET calculated under well-watered conditions 
without PWS. More details could be referred to Section 2 (Equations 5 and 6). (d) Soil moisture-based metric: management allowable depletion (MAD). (e) Leaf 
water potential based on plant hydraulics, including soil/root/stem/leaf water potential (ψSoil, ψRoot, ψStem, and ψLeaf) and atmospheric water potential (ψAir).
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irrigation research focused on one or two PWS metrics using the field experiments (Cohen et al., 2005; Ihuo-
ma & Madramootoo, 2017; Kumar et al., 2017) and/or process-based modeling (Nandan et al., 2021) with 
different designed irrigation treatments, such as full/deficit irrigation. The discontinuous measurements of 
PWS metrics from field experiments were used to demonstrate their response to crop productivity. However, 
few researchers investigate different PWS metrics in the same SPAC framework, and pay attention to their 
optimal thresholds for efficient irrigation. In addition, current plant-centric irrigation schemes focus more 
on specialty crops with high-value, such as nuts (Carbonell-Barrachina et al., 2015), fruits (Bordonaba & 
Terry, 2010; Moriana et al., 2012), vegetables (Çolak et al., 2015; Dukes et al., 2010; Kirnak et al., 2019; Sezen 
et al., 2014), while few for field crops, but field crops account for more than 71% of all planted acres of crop-
land across the United States (USDA, NASS, 2017). Different species have different responses to PWS with 
the species-specific plant traits (such as plant size) and physiological/biochemical adaptations due to dif-
ferent metabolism and biomass production in plant physiology (Enquist et al., 2007; Osakabe et al., 2014). 
Thus, a systematic way to understand the performance of different PWS metrics for irrigation guidance on 
field crops is needed for the development of better tools for irrigation management.
This study aims to quantify the mechanistic linkage among different PWS metrics and the physical water 
constraints in the same SPAC framework, and assesses their efficacy for guiding irrigation. We will answer 
two science questions: (a) To what extent do the PWS metrics interconnect and capture the stress from 
both soil water supply and atmospheric water demand? (b) What is the performance of PWS metrics in 
guiding irrigation? To answer these questions, we use the rigorously validated hydraulically driven ecosys-
tem model (ecosys) to study different PWS metrics, and implement them as different irrigation schemes to 
assess their performances on water use, maize yield, and economic profits across 12 sites with a dramatic 
rainfall gradient in Nebraska during 2001–2019. It needs to be noted that this research is conducted based 
on the simulations from the ecosys model without field experiments. The ecosys model has been extensively 
validated its abilities to capture the sensitivities of carbon and water fluxes to soil moisture and VPD at both 
site and region scales in the United States Midwest (Grant et al., 1993, 2007; Grant & Flanagan, 2007; Zhou 
et al., 2021). As it was almost impossible to conduct field experiments to test different PWS metrics-based 
irrigation schemes with different thresholds, we believe that this modeling approach, after going through 
rigorous model calibration and validation, could offer an effective way to make assessments of different 
PWS metrics for irrigation use.
2. Plant Water Stress Metrics
Five plant-centric and one environment-based metrics for PWS through the rigorously validated hydrauli-
cally driven ecosystem model (ecosys) are investigated in this study (Figure 1; Zhang et al., 2021).
1.  Plant-centric: canopy water potential (CWP in Figures 1e and Equations 1 and 12). CWP is defined and 
calculated through canopy energy and water balance based on plant hydraulics, the fundamental theo-
rem in SPAC, as the path of water flow follows the potential gradient (Anderegg, 2015). CWP decreases 
when soil and/or atmosphere becomes drier with lower soil water potential and/or higher VPD.
  ,CWP min , 1,…,24c j j (1)
 where ψc,j is the CWP for each hour j (MPa); CWP is the minimum of ψc,j during each day (MPa).
2.  Plant-centric: stomatal conductance (gs in Figure 1b and Equations 10 and 11). Stomatal conductance 
reflects the capacity of the uptake of [CO2] for photosynthesis and water loss through transpiration 
with diurnal cycle (Ball et al., 1987; Medlyn et al., 2011). Due to the canopy structure, both leaf and 
canopy-level stomatal conductance (gs and Gs) near midday (the averaged values in each day from 12:00 
to 14:00) are widely used to describe the capacity of gas exchange (Kimm, Guan, Gentine, et al., 2020; 
Novick et al., 2016). As leaf area index (LAI), assumed to be constant through the peak growing season, 
is needed for the calculation of Gs, gs and Gs are usually used for the whole growing season and the peak 
growing season, respectively, to avoid the impact of the change of LAI with crop growth. Observational 
evidence has demonstrated that stomatal conductance is regulated by both soil moisture and VPD (Gros-
siord et al., 2020; Kimm, Guan, Gentine, et al., 2020; Novick et al., 2016).
3.  Plant-centric: CWSI (in Figure 1a and Equation 2). CWSI indicates PWS using the normalized difference 





be obtained by theoretical and empirical approaches. The theoretical approaches use energy balance to 
calculate the upper (Equation 3) and lower boundaries (Equation 4) with additional required measure-
ments, such as aerodynamic resistance (ra) and net radiation (Rn), assuming that the crop resistance is in-
finite for upper boundary (i.e., non-transpiring crop) and 0 as free water surface for lower boundary (i.e., 
well-watered crop), respectively (Hoffmann et al., 2016; Jackson et al., 1981, 1988). For the empirical 
approaches, the upper and lower boundaries of canopy-air temperature difference are estimated as line-
ar functions of VPD based on field experiments (Idso et al., 1982), while these linear functions are crop, 
growth-stage, and climate-specific. CWSI measures PWS through lower cooling effects due to the de-
creased transpiration, with 0 and 1 representing no water stress and maximum water stress, respectively.
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 where Tc and Ta are canopy and air temperatures (°C), respectively; ra is aerodynamic resistance (s m−1); 
Rn is the net radiation (W m−2); G is the soil heat flux (W m−2); ρ is the density of air (kg m−3); cp is the 
heat capacity of air (J kg−1 °C−1); γ is the psychrometric constant (Pa °C−1); Δ is the slope of the satu-
rated vapor pressure-temperature relationship calculated at the average of canopy and air temperature 
(Pa °C−1); e*a is the saturated vapor pressure at Ta (Pa); and ea is the vapor pressure of the air (Pa).
4.  Plant-centric: ESI (in Figure 1c and Equation 5). ESI, proposed by Anderson et al. (2011), quantifies the 
anomalies in the ratio of actual to potential ET (PET) to represent the spatial and temporal variation of 
meteorological drought (González-Dugo et al., 2021). As the ratio of ET/PET has the seasonal pattern 
due to LAI impacts rather than PWS (Jiang et al., 2020; Zhang et al., 2021), that is, ET/PET is larger dur-
ing the peak growing season, we suggest using ET under well-watered conditions (ETww) to replace PET 





5.  Plant-centric: TSI (in Figure 1c and Equation 6). Transpiration (Tr), limited by both soil water deficit 
and atmospheric dryness, can be achieved as the minimum of atmospheric water demand and soil water 
supply (Sinclair, 2012, 2018; Sinclair et al., 1984). Atmospheric water demand can be estimated as tran-
spiration under well-watered conditions (Tr_ww), while soil water supply is estimated using root water 
uptake given limited soil moisture. Thus, we define TSI as the ratio of actual Tr (with PWS) and Tr_ww 







6.  Soil moisture-based: MAD (in Figure 1d and Equation 7). MAD, the percentage of the available water 
in the root-zone varying with dynamic root-growth, is the most widely used metric to measure PWS for 
irrigation (Lehmann et al., 2013; Panda et al., 2004). The weighted average of soil moisture in multiple 































where θfc and θwp are the field capacity and wilting point in the root-zone, respectively; θRZ is the soil mois-
ture in the root-zone; θn is the soil moisture in the soil layer n; dn is the depth of the soil layer n; and N is the 
total number of soil layers in the root-zone.
3. Materials and Methods
3.1. Study Area
We carried out a case study in Nebraska, the largest irrigation state in the United States Corn Belt (Fig-
ure 2a). The 12 irrigated sites across Nebraska with a dramatic rainfall gradient (from 900 mm in the east to 
350 mm in the west) were selected to study different PWS metrics and to assess their efficacy and potentials 
for irrigation under different climate conditions (Figure 2b).
3.2. Process-Based Model: Ecosys
We used an advanced process-based ecosystem model (ecosys) to simulate the water, carbon, energy, and 
nutrient cycles based on biophysical and biochemical mechanisms (Grant, 1995; Grant et al., 1993;Grant, 
Jarvis, et al.,2001), which has been extensively validated in various agricultural ecosystems (Grant, 1995; 
Grant, Dyck, & Puurveen, 2020; Grant & Flanagan, 2007; Grant, Jarvis, et al., 2001; Grant et al., 1993, 199
9, 2007, 2011), including soil moisture (Grant, 1995; Grant & Flanagan, 2007; Grant et al., 1993, 2007), ET 
(i.e., latent heat flux; Grant, 1995; Grant & Flanagan, 2007; Grant, Jarvis, et al., 2001; Grant et al., 1993, 199
9, 2004, 2007), canopy temperature (Grant et al., 1999, 2011), leaf water potential (Grant et al., 1999, 2004), 
leaf stomatal conductance (Grant et al., 1999; Grant, Jarvis, et al., 2001). Ecosys can simulate all major ag-
ricultural management practices, such as tillage (Grant, 1997), crop rotation (Grant, 1997; Grant, Dyck, & 
Puurveen, 2020), fertilizer (Grant, Juma, et al., 2001), and irrigation (Grant et al., 2004, 2007).
3.2.1. Soil-Plant Water Relations in Ecosys
The ecosys model uses a multi-layered soil-root-canopy system to get hourly two-stage convergence 
solutions for crop carbon assimilation, water uptake, and energy fluxes (Figure 3; Dimitrov et al., 2011; 
Grant,  1995,  2001; Grant et  al.,  1993,  1999,  2007; Grant, Jarvis, et  al.,  2001; Grant, Lin, & Hernan-
dez-Ramirez, 2020). Canopy temperature is calculated first through a solution of the canopy energy balance 
(Equation 9). Then ecosys calculates CWP (ψc) at which canopy transpiration/evaporation (Ec) based on 
canopy energy balance (left term in Equation 12) equilibrates with root/mycorrhizal water uptake from 
multiple soil layers and capacitance (right term in Equation 12). Ec is controlled by aerodynamic resistance 
(Grant, 1995; Grant et al., 1993; Van Bavel & Hillel, 1976) and canopy stomatal resistance (rc), which is 
jointly controlled by the balance between canopy photosynthesis (leaf level driven by rates of carboxyla-
tion vs. diffusion, Equation 10) and canopy turgor potential (ψt, canopy level constrained by water status, 
Equation 11) dynamics (Grant & Flanagan, 2007; Grant et al., 2007). Root water uptake is the total water 
uptake from different soil layers in the root-zone by root surfaces, which equilibrates the water transport 
from soil to roots and from roots to canopy. This is controlled by radial resistances from soil to root surfaces 
(rs), radial resistances from those surfaces to root axes (rr), and axial resistances from root axes to canopy 
(ra; Equation 12). When there is a soil water deficit in SPAC, that is, decreasing soil water content and hence 
soil water potential (ψs) in each soil layer, the hydraulic resistances (rs, rr, and ra) all increase, which results 
in lower root water uptake, forcing lower root water potential (ψr) and ψc, thus lowering ψt and thereby a 
decline of stomatal conductance (gs = 1/rc). When there is atmospheric dryness in SPAC, that is, high VPD, 
transpiration increases at first, forcing lower ψs and ψc, thus leading to the same consequence of decreased 
ψt and gs, followed by lower transpiration ultimately.
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Figure 2. (a) The percentage of irrigated maize in the United States Corn Belt based on USDA, NASS, 2017 Census of Agriculture (https://www.nass.usda.gov). 
(b) Location of 12 sites with a dramatic rainfall gradient across Nebraska with spatial distribution of center pivot irrigation systems (http://snr.unl.edu/data/
geographygis/water.aspx).
Water Resources Research








/ / ,c s nna c a c c c
s n r n a n
e e r r X t
r r r
 (12)
where Rn is net radiation; LE is latent heat flux; H is sensible heat flux; G is change in heat storage; rc(min) is 
the minimum rc at ψc = 0 MPa; rc(max) is canopy cuticular resistance to vapor flux; Cb is the CO2 concentra-
tion in canopy air; Ci΄ is the CO2 concentration in canopy leaves at ψc = 0 MPa; Vc΄ is the potential canopy 
CO2 fixation rate at ψc = 0 MPa; ψπ is canopy osmotic potential; ea is atmospheric vapor density at air tem-
perature (Ta) and ambient humidity; ec is canopy vapor density at canopy temperature (Tc) and ψc; n is soil 
layer; and Xc is canopy capacitance.
3.2.2. Photosynthesis in Ecosys
Photosynthesis at the leaf-level is calculated using the Farquhar model for C3 plants and the Farquhar 
model plus a mesophyll-bundle sheath carbon exchange model for C4 plants with specific azimuth, leaf 
inclination, light exposure (i.e., sunlit and shaded leaves), and canopy height. Canopy photosynthesis is the 
sum of the photosynthesis of all individual leaves. The carbohydrate product is then allocated for mainte-
nance respiration (Rm) in both shoot and root, growth respiration (Rg), and dry mass (DM) formation. The 
phenologically driven plant carbon allocation ratio of shoot to root is impacted by the number of phyl-
lochron intervals and the water and nutrient status of the plant. DM of shoots is partitioned to seven or-
gans (leaf, sheath, stalk, soluble reserves, husk, cob, and grain) with dynamic partitioning ratios varying 
with growing stages. Seed number and kernel mass are set during pre- and post-anthesis growth stages to 
determine the yield upon harvest (Grant et al., 2011). More details about the biophysical and biochemical 
processes in ecosys can be found in the supplement of Grant, Lin, and Hernandez-Ramirez (2020).
3.2.3. Model Calibration
The ecosys model with maize cropping systems was rigorously calibrated and validated at three AmeriFlux 
sites (US-Ne1, US-Ne2, and US-Ne3, https://ameriflux.lbl.gov/) and 12 sites with a dramatic rainfall gra-




Figure 3. Conceptual diagram for the mechanism of plant water relations in ecosys.
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(UNL) Agricultural Research and Development Center (ARDC) near Mead, Nebraska, have the complete 
data from 2001 to 2012 for model calibration and validation. Specifically, the hourly gap-filled meteoro-
logical variables (i.e., precipitation, humidity, air temperature, downward shortwave radiation, and wind 
speed) are obtained from AmeriFlux; the soil information of 12 soil layers with a maximum root-zone depth 
of 2.0 m (i.e., field capacity, wilting point, soil texture, saturated hydraulic conductivity, bulk density, soil 
organic carbon, pH, and cation exchange capacity) is obtained from the Gridded Soil Survey Geographic 
Database (gSSURGO) dataset (NRCS, 2010); eddy-covariance fluxes (i.e., gross primary productivity (GPP), 
net ecosystem exchange (NEE), and LE) are provided by the FLUXNET2015 Tier 1 dataset (http://flux-
net.fluxdata.org/data/fluxnet2015-dataset/); and the detailed ground-based crop growth observations (i.e., 
planting/harvest date, planting density, irrigation/fertilization records, LAI, and yield) can be obtained 
from the Carbon Sequestration Program (CSP) at UNL-ARDC (http://csp.unl.edu/Public/sites.htm; Peng 
et al., 2018). US-Ne1 site is an irrigated site with continuously maize cropping system during 2001–2012; 
US-Ne2 site is also irrigated but with maize-soybean rotation cropping system during 2001–2009 and then 
continuous maize cropping system during 2010–2012; and US-Ne3 site is rainfed with maize-soybean ro-
tation cropping system during 2001–2012. Two parameters of ecosys, including fraction of leaf protein in 
bundle sheath chlorophyll (CHL4) and plant maturity group (GROUPX), were calibrated for minimizing 
RMSE between simulations and observations (GPP, ET, LAI, and yield) at US-Ne1, US-Ne2, and US-Ne3 in 
odd maize years from 2001 to 2012, and the calibrated parameters were used for model validation with the 
observations in even maize years from 2001 to 2012.
For the 12 irrigated sites with a dramatic rainfall gradient across Nebraska, the hourly meteorological vari-
ables (i.e., precipitation, humidity, air temperature, downward shortwave radiation, and wind speed) from 
the North American Land Data Assimilation System (NLDAS-2) and soil information of 12 soil layers with 
a maximum root-zone depth of 2.0 m from gSSURGO were used to drive ecosys. The planting date of the 
continuous maize cropping systems at the 12 sites was obtained from the USDA NASS weekly Crop Progress 
Reports (2001–2019) with the fertilizer (18 g N m−2 and 5 g P m−2/yr) applied 2 days before planting, and 
the crops were harvested on October 31. Other land management practices were set as the same across the 
12 irrigated sites in Nebraska, including planting density (8.4 plants m−2), tillage practice (no tillage), and 
crop type (continuous maize cropping systems). The auto-irrigation scheme in ecosys with the widely used 
soil-based MAD-50% in the top 9 soil layers (0.92 m; i.e., irrigation was triggered to fill current soil moisture 
to field capacity when MAD increased above a threshold of 0.5) was applied to determine the irrigation 
scheduling at 12 sites for calibration and validation (Malejane et al., 2018). To minimize the impacts of crop 
yields technology trend (Najafi et al., 2018), that is, the technological advances (such as seeds and fertiliz-
er improvements) to increase crop yields, the NASS county-level irrigated maize yield in recent 10 years 
(2010–2019) at the counties where the 12 sites were located was used as the observations for model calibra-
tion and validation. Similar to three AmeriFlux sites, we calibrated two parameters (CHL4 and GROUPX) 
of ecosys for minimizing RMSE between simulated and the NASS county-level irrigated maize yield in odd 
years from 2010 to 2019, and directly used the calibrated parameters for model validation in even years from 
2010 to 2019.
3.3. Irrigation Assessment Framework
The ecosys model was applied at the 12 sites across Nebraska to study different PWS metrics and to assess 
their efficacy for guiding irrigation during the period from 2001 to 2019. Irrigation was triggered when the 
PWS metric reached its triggering threshold, and we assumed that irrigation amount equals the amount 
of water needed to refill the root-zone soil moisture to field capacity, ignoring the constraints from irriga-
tion infrastructures. In addition, each irrigation event lasted for 24 h, and was incorporated into the ecosys 
model on a daily basis in real time. There were two types of thresholds for six PWS metric-based irrigation 
schemes: universal (same threshold without spatial variation) and site-specific (different thresholds with 
spatial variation). These two types of triggering thresholds were optimized by maximizing economic prof-
its (Equation  13) through the irrigation assessment framework using trial and error approach with the 
threshold samples from their reasonable ranges. For their reasonable ranges (Malejane et al., 2018; Moriana 
et al., 2012; Panda et al., 2004), the samples of MAD ranged from 0.35 to 0.65 with a step of 0.05; those of 
CWP ranged from −4.0 to −0.5 MPa with a step of 0.5 MPa; those of gs ranged from 0.0003 to 0.0045 m s−1 





Economic profit was the net revenue based on marketable yields and costs, including irrigation costs and 
fixed costs of production. Furthermore, we used irrigation water productivity to evaluate the water saving 
effects of the PWS metrics with similar crop yields and economic benefits. Irrigation water productivity 
was the ratio of marketable yields to irrigation amount during the growing season (Equation 14; Fernández 
et al., 2020). To reduce the impacts of parameters in the irrigation assessment framework, we used the re-
corded parameters in 2019 at Nebraska (Table 1).

       Profit Revenue Costs ,maize irrigation fixed
Iy p K (13)
 ,yIWP
I (14)
where y is the yield of maize (t ha−1); pmaize is the price of maize ($ t−1); I is the irrigation amount (mm); 
irrigation is the price of irrigation ($ m−3);  is the irrigation application efficiency of the center pivots; Kfixed 
is the fixed costs of production ($ ha−1), including the costs of seeds, fertilizer, storage, and so on (Table 1); 
and IWP is the irrigation water productivity (kg m−3).
4. Results
With the validated process-based model (ecosys), we investigated their interconnections and described the 
co-regulation of soil water supply and atmospheric water demand on six PWS metrics. Then, six PWS met-
rics were implemented to guide irrigation using ecosys as different irrigation schemes. We determined the 
optimal triggering thresholds for six PWS metrics through the irrigation assessment framework, and as-
sessed their efficacy across 12 sites with a dramatic rainfall gradient in Nebraska during 2001–2019, that is, 
228 site-yr.
4.1. Ecosys Model Performance
We have rigorously calibrated and validated the ecosys model at three AmeriFlux sites (US-Ne1, US-Ne2, 
and US-Ne3) and 12 sites with a dramatic rainfall gradient across Nebraska (Figures 4, S1, S2, and Table S2). 
For three AmeriFlux sites (US-Ne1, US-Ne2, and US-Ne3), the daily ecosys-simulated GPP, ET, and LAI 
of maize cropping systems matched very well with the eddy-covariance and ground-based observations 
in calibration (Figures S2a–S2c) and validation (Figures 4a–4c). The R2 of daily GPP, ET, and LAI in vali-
dation were 0.84, 0.82, and 0.78, respectively, and the RMSE of daily GPP, ET, and LAI in validation were 
3.75 g C m−2 day−1, 0.83 mm day−1, and 1.06 m2 m−2, respectively (Table S2). Taken US-Ne1 with continuous 




Parameter Description Source Value
Y Yield of maize (t ha−1) Ecosys model simulation –
maizep Price of maize ($ ha−1) USDA NASS (https://www.nass.usda.gov/Quick_Stats/Lite/index.
php) 
149.99
I Irrigation amount (mm) Ecosys model simulation –
irrigation Cost of irrigation costs, including fuel and labor ($ m
−3) 2019 Nebraska Crop Budgets (https://cropwatch.unl.edu/budgets) 0.095
 Irrigation application efficiency of the center pivots U. S. Government Accountability Office (https://www.gao.gov/
products/GAO-20-128SP)
0.85
fixedK Fixed costs of production, including seed, fertilizer, 
herbicide, crop insurance, and so on ($ ha−1)
2019 Nebraska Crop Budgets (https://cropwatch.unl.edu/budgets) 1,247.86
Table 1 
Parameters Used in the Irrigation Assessment Framework
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energy, and water fluxes with high accuracy (Figure S1). For crop yields, the ecosys-simulated maize yields 
generally showed good agreement with the CSP observations, as bias was less than 0.7% and 1.8% of aver-
aged maize yields observations in calibration (R2 = 0.46, Figure S2d) and validation (R2 = 0.60, Figure 4d), 
respectively. For the 12 sites with a dramatic rainfall gradient across Nebraska, we used the probability den-




Figure 4. The validated performance of the ecosys model with maize cropping systems at (a–d) three AmeriFlux 
sites (US-Ne1, US-Ne2, and US-Ne3, the even maize years from 2001 to 2012) and (e) 12 sites with a dramatic rainfall 
gradient across Nebraska (the even years from 2010 to 2019). The color bar shows the normalized Gaussian kernel 
density estimation of the scatters. Black dashed lines indicate the one-to-one relationship. The probability density 
function of the maize yields at the 12 sites is the Gaussian kernel density estimation.
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due to unavailable detailed observations. The probability density function of the ecosys-simulated irrigated 
maize yields showed good agreement with that of the NASS county-level irrigated yields in calibration (odd 
years during 2010–2019, Figure S2e) and validation (even years during 2010–2019, Figure 4e). In addition, 
the ecosys model has been validated its abilities to capture the carbon cycle dynamics to environmental 
variability, including soil moisture and VPD, at both site and region scales in the United States Midwest 
(Zhou et al., 2021). GPP and crop yield increase with VPD when VPD is small, but decrease with increasing 
VPD when VPD gets higher due to the negative impacts of VPD on stomatal conductance. The sensitivity of 
carbon cycle dynamics to soil moisture is similar to that to VPD, but arising from the trade-off between soil 
water supply and oxygen stress at high soil moisture (see more details in Zhou et al., 2021). All these results 
confirmed the reliability of ecosys for this study.
4.2. PWS Metrics Analysis
The theoretical analysis of plant water relations in SPAC shows the main processes by which atmospher-
ic and soil drought affects six PWS metrics ultimately and their interconnections (Figure  5). The water 
stress from both soil drought (i.e., increased MAD) and atmospheric drought leads to stomatal closure, 
that is,, decreased stomatal conductance (Gs, Equation 15), and a decline in CWP (i.e., decreased CWP) 
through some direct stress and/or the plant hydraulics in SPAC (Buckley, 2017; Herve, 2014). Stomatal clo-
sure could reduce the plant transpiration (i.e., increased TSI) ultimately under low soil moisture and high 
VPD conditions with the equilibrium of plant transpiration and root water uptake in the steady state due 
to water balance in SPAC (Equation 16; Grossiord et al., 2020; López et al., 2021; Massmann et al., 2019). 
Meanwhile, decreased ET (i.e., increased ESI) could reduce latent heat (Equation 17) and increase sensible 

















Figure 5. The schematic diagram of the main processes by which atmospheric and soil drought (gray background) affects six PWS metrics (orange 
background) in SPAC ultimately. Red arrow denotes the increasing trend, while the blue arrow denotes a decreasing trend. This diagram is revised based on 
Figure 1A in Buckley (2017).
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where U is root water uptake; ψc and ψs are canopy and soil water potential, respectively; rs is the radial 
resistances from soil to root surfaces; rr is the radial resistances from root surfaces to root axes; ra is the 
axial resistances from root axes to canopy; λ is the latent heat of vapourization (J kg−1); ρ is the density of 
air (kg m−3); Cp is the heat capacity of air (J kg−1 °C−1); γ is the psychrometric constant (Pa °C−1); 

Tce  is the 
saturated vapor pressure (Pa) at the canopy temperature (Tc); ea is the actual vapor pressure (Pa); and rb and 
rc are the canopy boundary layer resistance and canopy stomatal resistance, respectively.
We used ecosys to quantify the interconnections among six PWS metrics, then described their abilities in 
capturing water constraints from water supply and demand, that is, the co-regulation of soil water supply 
and atmospheric water demand. The CWP, GS (canopy-level stomatal conductance), CWSI, ESI, TSI, and 
MAD at the daily step during the peak growing season (July and August, to reduce the impacts of LAI) 
across 228 site-yr in Nebraska were calculated for PWS metrics analysis based on the simulations of ecosys 
without irrigation. Tr_ww and ETww were obtained from the ecosys model assuming no PWS. Daily root-zone 
soil moisture and VPD were calculated to represent soil water supply and atmospheric water demand.
4.2.1. Interconnections of Different PWS Metrics
We used the bivariate analysis with the Spearman correlation to investigate the interconnections among 
six PWS metrics simulated using ecosys. Taking site-NPL in central Nebraska as an example (Figure 6), the 
Spearman's rank correlation coefficients among the plant-centric metrics (CWP, GS, CWSI, ESI, and TSI; 
larger than 0.68) were relatively larger than those between the plant-centric metrics and the soil-based 
metric (MAD; smaller than 0.68). Specifically, CWP and GS had the highest Spearman's rank correlation 
coefficient (0.92), indicating that they were coupled tightly with strong monotonic relationships. These 
results indicated that the plant-centric metrics were highly interconnected, and the solely soil-based metric 
(MAD) reflected limited information of PWS, further underscoring the importance of the plant-centric 
metrics. In addition, the Spearman's rank correlation coefficients between TSI and other PWS metrics were 
slightly higher than those between ESI and other PWS metrics. The reason was that ESI incorporated the 
information of soil evaporation, while TSI was completely based on the plant itself.
4.2.2. The Co-Regulation of Soil Water Supply and Atmospheric Water Demand
After the analysis of the interconnections among six PWS metrics, we investigated the connections between 
six simulated PWS metrics and the water constraints from water supply and demand, that is, the co-regula-
tion of soil water supply and atmospheric water demand. First, the Spearman partial rank correlation coef-
ficients between six PWS metrics and soil moisture/VPD across the 228 site-yr in Nebraska were calculated 
(Figure 7). All the Spearman partial rank correlation coefficients between five plant-centric metrics and soil 
moisture/VPD were significant (p < 0.001), demonstrating the controls from soil moisture and VPD on five 
plant-centric metrics (CWP, GS, CWSI, ESI, and TSI). The coefficients of CWP and GS (0.73 and 0.67 with 
soil moisture, and −0.56 and −0.43 with VPD) were relatively higher than those of other plant-centric met-
rics (CWSI, ESI, and TSI). This indicated that CWP and GS could reflect more information on the variation 
of both soil moisture and VPD. In contrast, CWSI reflected the least information of soil moisture and VPD 
among five plant-centric metrics with the lowest coefficients. The coefficients of ESI and TSI were close to 
each other and both relatively larger than those of CWSI. This indicated that ESI and TSI had comparable 
performances to interpret water supply and demand during the peak growing season due to high vegetation 
cover fraction and thus low soil water evaporation. Besides, the soil-based metric, MAD, which was solely 









Figure 6. The interconnections among six PWS metrics simulated using ecosys during the peak growing season 
(July and August) from 2001 to 2019 at an example site-NPL in central Nebraska. The probability density functions 
in the diagonal grid are the kernel density estimation of six PWS metrics. ρ denotes the Spearman's rank correlation 
coefficient.
Figure 7. The Spearman partial rank correlation coefficients between six simulated PWS metrics and soil moisture/VPD during the peak growing season (July 
and August) across the 228 site-yr in Nebraska. Red and gray color denotes the positive and negative Spearman partial rank correlation coefficients. The black 
bar denotes the standard deviation of the coefficients (black numbers near the bars) across the 228 site-yr.
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Second, the scatters of soil moisture and VPD with six PWS metrics were applied to show the co-regulation 
patterns. Taking site-NPL in central Nebraska as an example (Figure 8), different PWS metrics showed dif-
ferent co-regulation patterns. Both CWP and GS reflected the clear co-regulation patterns of soil moisture 
and VPD (Figures 8a and 8b), especially Figure 7 in Zhang et al. (2021). Specifically, CWP and GS increased 
with soil moisture given specific VPD conditions, while they decreased with VPD given specific soil mois-
ture. ESI and TSI could also reflect the co-regulation patterns but with some extremes (Figures 8d and 8e). 
The extremes may be caused by other factors, such as radiation and nutrients, other than water. CWSI 
showed a disordered co-regulation pattern of soil moisture and VPD, which further demonstrated that it 
had the smallest Spearman partial rank correlation coefficients with soil moisture and VPD (Figure 8c). Re-
garding the soil-based metric, MAD, there was only a regulation pattern of soil moisture without reflecting 
the information of VPD (Figure 8f).
We further used a relative importance method-Lindeman, Merenda, and Gold (LMG; Grömping, 2006, 2007) 
to quantify the relative contributions of soil moisture and VPD on five plant-centric metrics (CWP, GS, 
CWSI, ESI, and TSI), and also analyzed their spatial variation across the 12 sites in Nebraska (Figure 9). The 
LMG method decomposed the determination coefficients of a linear regression (R2) to the contributions of 
soil moisture and VPD, that is, to quantify the variation of five plant-centric metrics that could be explained 
by soil moisture and VPD, while taking the correlation between soil moisture and VPD into account. The 
estimated relative importance of soil moisture on the five plant-centric metrics increased with the aridity in-
dex (the ratio of potential ET, PET, and precipitation, P, in the growing season during 2001–2019, i.e., PET/P, 
Figure 9a), while those of VPD decreased with the increasing aridity index (Figure 9b). This indicated that 
soil moisture made larger contributions to the variations of five plant-centric metrics in drier regions, such 
as western Nebraska, while VPD made larger contributions to the variations of five plant-centric metrics in 
wetter regions, such as eastern Nebraska. It should be noted that CWSI had the lowest relative importance 





Figure 8. The co-regulation of soil moisture and VPD on six simulated PWS metrics at an example site-NPL in central Nebraska during the peak growing 
seasons (July and August) from 2001 to 2019. The color bar denotes the magnitude of the PWS metrics.
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4.3. Performance of Different PWS Metrics-Based Irrigation Schemes
4.3.1. Optimal Triggering Thresholds
The site-specific and universal triggering thresholds of six PWS metrics were selected with the maximum 
averaged economic profits (details in Section 3.3, Table 2). It should be noted that the leaf-level stomatal 
conductance (gs) was used here to avoid the impact of LAI during the whole growing season. As gs is highly 
dynamic and impacted by multiple factors in addition to water, such as nutrients, radiation, air temperature, 
and [CO2] (Buckley & Mott, 2013), it may be inappropriate to use daily gs near midday to trigger irrigation 
directly even with its effective abilities to indicate PWS from both soil water deficit and atmospheric aridity. 
There are some days with low gs but high soil moisture due to the stress from other environmental factors 
than water, while irrigation will be triggered if we only use gs as the trigger metric. Under these conditions 
with low gs but no water stress, irrigation has little benefit for crop growth but large damage to economic 
profits. We suggested adding the constraint of soil moisture with the optimized triggering threshold of 
MAD to gs to make the GS_MAD-based irrigation scheme. In this case, irrigation was triggered on any day 
when both gs and soil moisture were lower than the critical gs and the optimized triggering threshold of 
MAD, respectively, thus irrigation could be saved on the days with low gs but high soil moisture. In addition, 





Figure 9. Variation of the relative importance estimates of (a) soil moisture and (b) VPD on five plant-centric metrics with aridity index across the 12 sites in 
Nebraska during the peak growing seasons (July and August) from 2001 to 2019. The line denoted the regression line with a 95% confidence interval.
Sites MAD CWP (MPa) gs in GS_MAD (m s−1) CWSI ESI TSI
Site-specific Mead 0.60 −3.0 0.0018 0.1 0.7 0.7
GD 0.55 −3.0 0.0030 0.2 0.8 0.7
Harvard 0.60 −2.5 0.0027 0.1 0.7 0.7
Lowell 0.60 −3.5 0.0024 0.1 0.7 0.7
Sheridan 0.60 −2.0 0.0042 0.1 0.7 0.7
Dawson 0.60 −2.5 0.0039 0.1 0.7 0.7
NPL 0.60 −2.5 0.0039 0.1 0.5 0.5
PH3 0.55 −2.5 0.0033 0.1 0.6 0.6
T1S4 0.60 −2.5 0.0036 0.1 0.6 0.6
T1S1 0.60 −3.0 0.0033 0.1 0.6 0.5
East Bayard 0.45 −2.5 0.0036 0.1 0.6 0.6
Mitchell 0.55 −2.5 0.0027 0.1 0.7 0.7
Universal 0.60 −2.5 0.0042 0.1 0.7 0.7
Table 2 
Optimal Triggering Thresholds of Six Metrics-Based Irrigation Schemes
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4.3.2. Irrigation Scenario Assessment
Here, we systematically tested six PWS metrics-based irrigation schemes with optimal site-specific and 
universal thresholds across the 12 sites with a dramatic rainfall gradient in Nebraska during 2001–2019 
(Table 3). We ranked six PWS metrics-based irrigation schemes based on the averaged economic profits 
across the 228 site-yr (Table 3). The CWP-based irrigation scheme had the largest averaged economic prof-
its, followed by the GS_MAD-based irrigation scheme (Figure 10 and Table 3). These results indicated that 
the plant-centric irrigation schemes from plant hydraulics and stomatal response, the direct mechanisms 
related to plant water relations in SPAC, could achieve better performance than the soil-based irrigation 
scheme (MAD), while the other three plant-centric irrigation schemes (CWSI, ESI, and TSI) had lower av-
eraged economic profits. For ESI and TSI-based irrigation schemes, as soil water evaporation was relatively 
small when the vegetation cover fraction became larger, their performances were close to each other, and 
both were superior to the CWSI-based irrigation scheme. Six PWS metrics-based irrigation schemes with 
site-specific thresholds had relatively higher economic profits than those with universal thresholds due 





Schemes Mead GD Harvard Lowell Sheridan Dawson NPL PH3 T1S4 T1S1 East Bayard Mitchell Mean Rank
MAD Site-specific 539.8 553.6 498.5 112.6 481.9 460.6 454.5 328.1 324.6 323.6 93.3 4.9 348.0 3
Universal 539.8 548.1 498.5 112.6 481.9 460.6 454.5 324.9 324.6 323.6 89.9 2.5 346.8
CWP Site-specific 580.2 570.9 513.3 107.0 501.6 490.6 473.5 345.8 341.3 330.8 119.4 3.6 364.8 1
Universal 574.2 567.8 513.3 87.7 498.6 490.6 473.5 345.8 341.3 316.1 119.4 3.6 361.0
GS_MAD Site-specific 564.1 569.9 506.4 116.6 505.0 489.5 464.1 327.6 346.1 338.0 101.3 9.4 361.5 2
Universal 544.6 563.6 504.0 112.6 505.0 488.9 463.0 330.1 342.2 333.5 90.5 2.5 356.7
CWSI Site-specific 540.8 540.2 464.8 104.6 462.9 345.8 379.1 265.5 225.3 88.2 44.4 0.0 288.5 6
Universal 540.8 540.7 464.8 104.6 462.9 345.8 379.1 265.5 225.3 88.2 44.4 0.0 288.5
ESI Site-specific 564.6 555.2 499.2 101.1 463.7 443.0 410.4 301.3 265.3 268.6 77.1 2.0 329.3 4
Universal 564.6 544.2 499.2 101.1 463.7 443.0 407.5 297.9 273.1 264.7 66.2 2.0 327.3
TSI Site-specific 568.1 566.4 511.5 105.1 460.5 437.7 398.6 301.1 253.4 260.2 68.8 2.4 327.8 5
Universal 568.1 566.4 511.5 105.1 460.5 437.7 397.1 293.0 235.6 267.0 57.9 2.4 325.2
Note. The order of sites from left-Mead to right-Mitchell denotes the decreasing annual rainfall from 900 mm in the east to 350 mm in the west.
Table 3 
The Averaged Economic Profits ($ Ha−1) of Six Metrics-Based Irrigation Schemes With Site-Specific and Universal Triggering Thresholds Across the 12 Sites in 
Nebraska During 2001 to 2019
Figure 10. Irrigation water use, yield, profit, and irrigation water productivity of six PWS metrics (MAD, CWP, GS_MAD, CWSI, ESI, and TSI) based irrigation 
schemes with universal thresholds across the 228 site-yr in Nebraska. The black bar denotes the standard deviation of these variables.
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The performance of six PWS metrics-based irrigation schemes was indicated by the averaged irrigation 
water use, crop yields, economic profits, and irrigation water productivity across the 228 site-yr in Nebraska 
with universal thresholds (Figure 10). Compared to the soil-based MAD irrigation scheme, five plant-cen-
tric irrigation schemes (CWP, GS_MAD, CWSI, ESI, and TSI) could significantly reduce irrigation water 
use and increase irrigation water productivity. Specifically, the CWP-based irrigation scheme could increase 
crop yields (+1.3%, +0.1  t ha−1), economic profit (+7.6%, +$14.2 ha−1), and irrigation water productivi-
ty (+6.6%, +0.3 kg m−3) with less irrigation water use (−1.1%, −1.4 mm). The GS_MAD-based irrigation 
scheme could significantly reduce irrigation water use (−5.2%, −14.4 mm) and increase economic profit 
(+3.8%, +$9.9 ha−1) and irrigation water productivity (+7.2%, +0.4 kg m−3) while maintaining crop yields. 
However, the CWSI, ESI, and TSI-based irrigation schemes achieved less crop yields and economic profits 
than the MAD-based irrigation scheme, especially the CWSI-based irrigation scheme.
The irrigation water use, crop yields, economic profits, and irrigation water productivity of six PWS met-
rics-based irrigation schemes had spatial variability due to the climate conditions (i.e., aridity index) and 
soil properties (i.e., sand fraction, the ratio of sand content to the sum of sand, silt, and clay content based 
on the gSSURGO dataset; Figures 11 and 12 and Table 3). Irrigation water use of the six metrics-based irri-
gation schemes significantly increased with the aridity index, and slightly increased with the sand fraction 
(Figures 11a and 11e). Crop yields of the six metrics-based irrigation schemes significantly decreased with 
the increasing sand fraction, while there was an insignificant trend with the aridity index (Figures  11b 
and 11f). This indicated that irrigation could compensate for insufficient precipitation in drier regions (such 
as western Nebraska) while it could not compensate for low water and nutrient holding capacities in sandy 
soil (Foster et al., 2019). Therefore, high sand fractions at sites-Lowell, East Bayard, and Mitchell led to rel-
atively low crop yields even under high precipitation and/or irrigation (Figure 12b). In addition, economic 
profits and irrigation water productivity decreased with the increasing aridity index and sand fraction (Fig-
ures 11c and 11d and 11g and 11h). These results indicated that irrigated agricultural regions with wetter 
climate and/or lower sand fraction (such as eastern Nebraska) could achieve more economic profits and 
higher irrigation water productivity than those regions with drier climate and/or higher sand fractions 
(such as western Nebraska and the Sandhills region in north-central Nebraska).
5. Discussion
5.1. CWP and Stomatal Conductance (GS) Are the Most Effective Plant-Centric Metrics to 
Characterize Co-Regulation of Soil Water Supply and Atmospheric Water Demand
This study is a systematic analysis to understand different PWS metrics, and further confirms the co-regu-
lations of soil water supply and atmospheric water demand on different PWS metrics. The results analysis 
shows that the co-regulation patterns of different PWS metrics have different sensitivities, while CWP and 
GS outperform other three plant-centric PWS metrics with respect to stronger interconnections and rela-
tionships to both soil moisture and VPD (Figures 6 and 7). The reason is that CWP and GS are the most 
directly responsive metrics to the droughts caused by both soil water deficit (i.e., low soil moisture) and 
atmospheric dryness (i.e., high VPD). CWP is obtained from the perspective of plant hydraulics, which con-
nects soil, root, stem, leaf, and atmosphere in the SPAC system through the water flow path based on the wa-
ter potential gradients (Anderegg, 2015). For GS, rich plant physiology literature and field experiments have 
proved that plants tend to close their stomata (i.e., decreased stomatal conductance) to reduce water loss 
when soil moisture is low and/or VPD is high (Miner & Bauerle, 2017; Novick et al., 2016).As the results of 
decreased stomatal conductance, there is a consequent reduction in ET and transpiration, that is,, increased 
ESI and TSI to indicate PWS (Zhang et al., 2021). With the canopy energy balance, the decreased transpi-
ration results in increased canopy temperature due to less evaporative cooling, that is, increased CWSI to 
indicate PWS (DeJonge et al., 2015). In general, CWP and GS are the direct plant physiology responses to 
water stress, while ESI, TSI, and CWSI are the proxies to approximate PWS.
In addition, the co-regulation of soil moisture and VPD on PWS metrics in Nebraska, part of the United 
States Corn Belt, has spatial variability. Our relative importance analysis results based on LMG (Figure 9) 
indicate that for five plant-centric metrics, soil moisture has a larger control in drier regions (such as west-
ern Nebraska) where agricultural droughts are dominated by soil water deficit, while VPD has a bigger 





5.2. Plant-Centric Irrigation Schemes Could Save Irrigation Water Use
Our results show that five plant-centric irrigation schemes (CWP, GS_MAD, CWSI, ESI, and TSI) can sig-
nificantly reduce irrigation water use and thus improve water sustainability, compared to MAD, which 
only considers soil water supply (Figure 11). Specifically, CWP and GS_MAD-based irrigation schemes can 
reduce irrigation water use without penalizing maize yields and economic profits, further confirming that 
CWP and GS are the most effective PWS metrics with the direct plant physiology responses to water stress. 
This finding reveals that plants may not have water stress when soil moisture is low and VPD also happens 
to be low, thus irrigation can be saved without the penalty of crop yields under these conditions. In contrast, 




Figure 11. Variation of irrigation water use, yield, profit, and irrigation water productivity with aridity index (a–d) 
and sand fraction (e–h) of six PWS metrics-based irrigation schemes with universal thresholds across the 12 sites in 
Nebraska during 2001–2019. The line denoted the regression line with a 95% confidence interval.
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less irrigation water, they do penalize crop yields and reduce the net economic profits. This may reduce the 
adoption willingness of producers in real applications, even though they could achieve higher irrigation 
water productivity with larger marginal benefits of irrigation.
It should also be noted that ESI and TSI-based irrigation schemes have higher economic profits than the 
MAD irrigation scheme in eastern Nebraska at sites-Mead, -GD, and -Harvard, where VPD has non-neg-
ligible impacts on PWS. Therefore, five plant-centric irrigation schemes, except CWSI, can achieve higher 
economic profits with less irrigation water use than the soil-based MAD irrigation scheme in regions where 
they are equally constrained by both soil water deficit and atmospheric dryness. Currently, the producers’ 
irrigation decision-making in Nebraska mainly focuses on soil water supply (i.e., soil moisture), thus this 
research encourages producers to consider use of plant-centric irrigation schemes, such as CWP, GS_MAD, 
ESI, and TSI, to save irrigation water use without penalizing crop yields and economic profits, particularly 
in eastern Nebraska.
In addition, the CWSI irrigation scheme performs the worst among six irrigation schemes. CWSI, a ther-
mal temperature-driven PWS metric, has been proved that it is spatially effective to differentiate the water 
stressed and non-stressed plants (Çolak et al.,  2015; DeJonge et al.,  2015), as canopy temperature is in-
creased under water stress. However, whether that qualifies to be a trigger for irrigation, that is, the effec-
tiveness to indicate the temporal variation of PWS, remains unclear. Our results indicate that the temporal 
variations of CWSI are not robust to indicate PWS, thus the efficacy of the CWSI irrigation scheme is lower 
than other irrigation schemes. This means that CWSI is a spatially effective PWS metric, but is ineffective 
temporally. Thus, the CWSI irrigation scheme is not recommended for irrigation scheduling.
It needs to be noted that the performance of six PWS metric-based irrigation schemes is influenced by their 
triggering thresholds and the parameters in the irrigation assessment framework, such as the price of maize 




Figure 12. Box plots of (a) irrigation amount, (b) yield, (c) profit, and (d) irrigation water productivity of six PWS metrics-based irrigation schemes with 
universal thresholds across the 12 sites with a dramatic rainfall gradient in Nebraska (the order of sites from left-Mead to right-Mitchell denotes the decreasing 
annual rainfall from 900 mm in the east to 350 mm in the west) during 2001–2019. Each box represents the 25th and 75th percentiles.
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effects, compared to the traditional soil-based MAD irrigation scheme. With the severity of water scarcity, 
the water-saving effects of the CWP and GS_MAD irrigation schemes will be favored in future.
5.3. The Practical Implications: How to Incorporate These PWS Metrics Into Practical Irrigation 
Management?
Six PWS metrics-based irrigation schemes could be implemented using field measurements and/or satel-
lite observations but accompanied by many challenges. Leaf water potential, soil moisture, and stomatal 
conductance for CWP, MAD, and GS_MAD irrigation schemes may have to rely on in situ sensors, which 
usually are labor-intensive and expensive, a situation that may not be changed in the near future. Soil mois-
ture dataset from passive and active microwave satellite-based retrievals has coarse resolutions (>10 km in 
SMAP and SMOS products) and is only sensitive to shallow soil depth (<0.05 m), thus it is not practically 
useful for field-scale irrigation (Chan et al., 2016; Zhang et al., 2021). ET, PET (treated as ETww), canopy 
temperature, and other meteorological variables, such as air temperature and humidity, could be obtained 
from satellites and/or nearby weather stations with low costs for ESI and CWSI irrigation schemes (Zhang 
et al., 2021). It should be noted that the CWSI's upper and lower boundaries of temperature differences, 
which are crop, growth-stage, and climate specific, need to be estimated using historical measurements 
(DeJonge et al., 2015; Jackson et al., 1981). For the TSI irrigation scheme, Tr and Tr_ww could be obtained 
using the existing ET partitioning approaches but accompanied by large uncertainties (Stoy et al., 2019).
In general, applications of six studied PWS metrics-based irrigation schemes at large-scale require more 
advanced techniques, and data-model fusion techniques (such as calibration, data assimilation, or phys-
ics-guided machine learning) are promising pathways to achieve this goal (Zhang et al., 2021). In particular, 
to correctly simulating PWS metrics, advanced ecosystem models that resolve mechanisms of plant hydrau-
lics and water-energy-carbon coupling are needed, such as ecosys (Grant, 1995; Zhou et al., 2021), CLM5 
(Kennedy et al., 2019), and Noah-MP-PHS (Li et al., 2021). These advanced ecosystem models with above 
is the prerequisite to enable accurate simulation of PWS metrics, especially how to jointly capture the PWS 
under soil moisture and VPD stresses (Grant & Flanagan, 2007; Kennedy et al., 2019; Li et al., 2021; Zhang 
et al., 2021; Zhou et al., 2021).
To fully implement the data-model fusion for the PWS metric-based irrigation management, we also require 
reliable and high-fidelity observations that are ideally ubiquitous and cost-effective. Previous satellite prod-
ucts have limited spatial or temporal resolutions, while the recently developed data fusion algorithms and/
or satellites can generate field-scale and high-frequency (e.g., daily) data, such as ET (Anderson et al., 2020; 
Jiang et al., 2020), LAI (Kimm, Guan, Jiang, et al., 2020), and GPP (Jiang et al., 2021). With the high-quality 
data, the advanced ecosystem models (such as ecosys used in this study) can be rigorously constrained to 
reliably simulate both crop dynamics (e.g., stomatal conductance, CWP, ET, and Tr) and hydrological condi-
tions (e.g., soil moisture; Yang et al., 2020) for different PWS metrics-based irrigation schemes.
6. Conclusion
This study interpreted different PWS metrics and assessed their efficacy for guiding irrigation based on the 
SPAC simulations from a rigorously validated hydraulically driven ecosystem model, ecosys. We found three 
main points: (a) CWP and stomatal conductance (GS) are the most effective plant-centric metrics under the 
co-regulation of soil water supply (i.e., soil moisture) and atmospheric water demand (i.e., VPD). (b) Five 
plant-centric metrics-based irrigation schemes could save irrigation water use and increase irrigation water 
productivity, compared to MAD, the soil-based irrigation scheme. Specifically, CWP and GS_MAD irrigation 
schemes can reduce irrigation water use and achieve more economic profits without penalizing maize yields, 
further demonstrating the first key point. (c) The performances of six PWS metrics-based irrigation schemes 
have spatial variability due to climate and soil properties. The regions with wetter climate and/or lower sand 
fraction (such as eastern Nebraska) can achieve more economic profits than those regions with drier climate 
and/or higher sand fraction (such as western Nebraska and the Sandhills). In addition, five plant-centric 
metrics-based irrigation schemes, except CWSI, perform better than the MAD irrigation scheme in wetter 
regions (such as eastern Nebraska) where VPD has non-negligible impacts on PWS, suggesting the opportu-
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Data Availability Statement
This primary data for this research comes from the ecosys model simulations. ecosys can be freely down-
loaded from GitHub (https://github.com/jinyun1tang/ECOSYS). The field measurements at three Amer-
iFlux sites (US-Ne1, US-Ne2, and US-Ne3) can be freely accessed from http://fluxnet.fluxdata.org/data/
fluxnet2015-dataset/. The county-level maize yield data can be freely accessed from https://quickstats.nass.
usda.gov/. The model forcing of meteorological variables from the North American Land Data Assimilation 
System (NLDAS-2) can be freely accessed from https://ldas.gsfc.nasa.gov/nldas/v2/forcing. The model forc-
ing of soil information from the Gridded Soil Survey Geographic Database (gSSURGO) dataset can be freely 
accessed from https://www.nrcs.usda.gov/wps/portal/nrcs/detail/soils/home/?cid=nrcs142p2_053628.
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